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ABSTRACT 

 
ARTICLE INFO 

MapReduce is a current computing standard for important large data processing in 

one or more clusters. A MapReduce system having a set of jobs and each job having a 

multiple map and  multiple reduce tasks because of these 1) in map slot, map task are 

get run and in reduce slot, reduce task are get run, and 2) reduce tasks are executed 

after map tasks, execution orders of  job is different and map/ reduce slot 

configurations for different system have a different execution performance and 

utilization. But those existing techniques in the process are not providing the better 

performance because of the un-improved resource allocation. To overcome this 

drawback, and to improve a performance of resource allocation with the proposed 

technique called DynamicMR. this concept includes a  two phases of algorithm is 

MK_TCT (makespan and the total completion time) for an offline workload and 

second phase of algorithm for  optimized resource allocation . In these system to 

consider a three major steps to improve a system performance and resource 

utilization for basic MapReduce technique, 1) DHSA- Dynamic Hadoop Slot 

Allocation (i.e it used to overcome the slot allocation restraint), 2)SEPB- Speculative 

Execution Performance Balancing (i.e it used to steadiness the performance in cluster 

of jobs), 3)SP-Slot Pre-scheduling (i.e it used to advance the data vicinity). Micro-level 

optimization is used as a optimization approach, it  is used to improve idle slot 

utilization efficiency after the Macro-level optimization. Particularly, we identify that 

three main affecting factors: Speculative tasks, dynamic slot allocation, and pre-

scheduling. 
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I. INTRODUCTION 

Over the past five years, the authors and many others 

at Google have executed hundreds of special-purpose 

multiplications that process large amounts of raw data, 

such as crawled papers, web request logs, etc., to compute 

various kinds of derived data. However, the input data is 

usually large and the deductions have to be distributed 

across hundreds or thousands of machines in order to 

surface in areas on able quantity of time. The subjects of 

how to parallelize the calculation, allocate the data, and 

handle failures conspire to obscure the original simple 

calculation with large quantities of multifaceted code to 

deal with these issues. Firstly, the compute resources (e.g., 

CPU cores) are abstracted into map and reduce slots, 

which are basic compute units and statically configured 

by administrator in advance [1]. A MapReduce job 

execution has two unique features: 1) the slot allocation 

constraint assumption that map slots can only be allocated 

to map tasks and reduce slots can only be allocated to 

reduce tasks, and 2) the general execution constraint that 

map tasks are executed before reduce tasks. Due to these 
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features, we have two observations: [1]. there are 

significantly different performance and system utilization 

for a MapReduce workload under different slot 

configurations, and [2]. even under the optimal 

map/reduce slot configuration, there can be many idle 

reduce (or map) slots while map (or reduce) slots are not 

enough during the computation, which adversely affects 

the system utilization and performance. Speculative 

execution is an important technique that can overcome the 

problem of slow-running task’s influence on a single job’s 

execution time by running a backup task on another 

machine. However, it comes at the cost of cluster 

efficiency for the whole jobs due to its resource 

competition with other running tasks. We propose a 

dynamic scheduling and slot allocation policy for 

speculative task. It balances the tradeoff between a single 

job’s execution time and a batch of jobs’ execution time 

by determining dynamically when it is time to schedule 

and allocate slots for speculative tasks.  

        Delay scheduling has been shown to be an effective 

approach for the data locality improvement in 

MapReduce [3]. It achieves better data locality by 

delaying slot assignments in jobs where there are no 

currently local tasks available. However, it is at the cost 

of fairness. In contrast, we propose a scheduler named 

Pre-Scheduler that can improve the data locality while not 

hurt the fairness. It considers the case of a node where 

there are currently local map tasks of jobs and idle slots 

available, but no allowable idle map slots (e.g., due to the 

load balancing constrain) to be allocated. It pre-allocates 

idle slots of the node to jobs to maximize the data locality 

and guarantee fairness. Since Delay scheduling and Pre-

scheduling works in different scenarios, our DLMS 

incorporates both approaches, making them work 

cooperatively to maximize the data locality. 

      We propose DynamicMR, a dynamic scheduling 

framework for MapReduce, in order to improve the 

utilization and performance of a shared Hadoop cluster 

under a fair scheduling between users. Figure 1 gives an 

overview of DynamicMR. It consists of three levels of 

scheduling components, i.e., Dynamic Hadoop Fair 

Scheduler (DHFS),[9] Dynamic Speculative Task 

Scheduler (DSTS) , and Data Locality Maximization 

Scheduler (DLMS) .Each scheduler considers the 

performance improvement from different aspects. DHFS 

attempts to maximize slot Utilization as possible while 

guarantee the fairness, when there are pending tasks (e.g., 

map tasks or reduce tasks).DSTS identifies the slot 

resource in-efficiency problem for a Hadoop cluster, 

brought by speculative tasks. 

 

II. EXISTING SYSTEM STUDY 

 

Existing work focus on the full slot utilization for map 

while reduce slots are blank and vice versa. Hence they 

are cruelly underutilized. They also consider the 

speculative execution efficiency to be high in the single 

job only. They did not consider the cluster efficiency in 

the above consideration. The data locality maximization is 

important for the slot utilization efficiency and 

MapReduce workloads performance improvement. But 

there is conflict between the fairness and data locality 

optimization. 

The spectrum of deployed wireless cellular 

communication systems is found to be under-utilized, 

even though licensed spectrum is at a premium. In this 

paper, we design a system with an ad hoc overlay network, 

which we denote as the secondary system (SEC), to 

efficiently utilize the bandwidth left unused in a cellular 

system, which we denote as the primary system (PRI). 

The basic design principle is that the SEC operates in a 

non-intrusive manner and does not interact with the PRI. 

We develop the AS-MAC, [7] an Ad hoc SEC Medium 

Access Control protocol to enable the interoperation of 

the PRI-SEC system. We address a number of technical 

challenges pertinent to this networking environment, and 

investigate a number of AS-MAC variants. Our 

performance evaluation results indicate that AS-MAC can 

transparently utilize up to 80% bandwidth left unused by 

the PRI. 

The input files into multiple map tasks, and then 

schedules both map tasks and reduce tasks to worker 

nodes in a cluster to achieve parallel processing. A 

machine takes an unusually long time to complete a task. 

Delay the job execution time and degrade the cluster 

throughput significantly. The Existing system is handled 

via speculative execution slow task is backed up on an 

alternative machine. 

For the processing of medical data we use the above three 

techniques. Using the above techniques Here Whenever 

there is an idle slot available, Dynamic MR will first 

attempt to improve the slot utilization with DHSA. 

Decisions are taken dynamically for allocation based on 

constraints. If the allocation is true, Dynamic MR will 

further optimize the performance by improving the 

efficiency of slot utilization with SEPB. Dynamic MR 

will be able to further improve the slot utilization 

efficiency from the data locality optimization aspect with 

Slot Prescheduling. 

To determine an optimized path to perform the sequence 

of MapReduce jobs and uses Hadoop MapReduce clusters 

deployed in each of the considered data centers to execute 

the determined optimized path accordingly. Job Managers 

perform the jobs accordingly using the Hadoop 

MapReduce clusters deployed in corresponding data 

centers. A Distributed Map Reduce (D-MR) framework is 

proposed for efficient job execution with optimized 

resource consumption.  

 

Disadvantages: 

1. Use average progress rate to identify slow tasks while 

in reality the progress rate can be unstable and misleading. 

 

2. We cannot appropriately handle the situation when 

there exists data skew among the tasks. 

 

3. Do not consider whether backup tasks can finish earlier 

when choosing backup worker nodes. 
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4.  Job execution time and cluster throughput are high. 

The average progress is slow task for execute the large 

scale data processing. 

 

III. BASIC IDEA 

A. Map-reduced 
Map Reduce is a processing technique and a program 

model for distributed computing based on java it contains 

two important tasks, namely Map and Reduce. The major 

advantages of MapReduce is that it is easy to scale data 

processing over multiple computing nodes [9]. 

 

 
Fig.1:MapReduce Working 

 

B. Hadoop Distributed File System(HDFS) 

Hadoop File System was developed using distributed 

file system design. It is run on commodity hardware. 

Unlike other distributed systems, HDFS is highly fault 

tolerant and designed using low-cost hardware. [8]  

HDFS holds very large amount of data and provides 

easier access. To store such huge data, the files are stored 

across multiple machines. These files are stored in 

redundant fashion to rescue the system from possible data 

losses in case of failure. HDFS also makes applications 

available to parallel processing. 

 

Features of HDFS 

1. It is suitable for the distributed storage and processing. 

2. Hadoop  provides a command interface to HDFS. 

3. Streaming access to file system data. 

4. HDFS provides file permissions and authentication. 

 

Given below is the architecture of a Hadoop File System. 

HDFS 

 
Fig.2: HDFS Architecture 

 

 

Follows the master-slave architecture and it has the 

following elements: 

 

1. Name node: 

The name node is the commodity hardware that contains 

the GNU/Linux operating system and the name node 

software. It is a  software that can be run on commodity 

hardware. The system having the name node acts as the 

master server and it does the following tasks: 

2. Data node: 

The data node is a commodity hardware having the 

GNU/Linux operating system and data node software. For 

every node (Commodity hardware/System) in a cluster, 

there will be a data node. These nodes manage the data 

storage of their system. 

Data nodes perform read-write operations on the file 

systems, as per client request. They also perform 

operations such as block creation, deletion, and 

replication according to the instructions of the name node. 

3. Block: 

Generally the user data is stored in the files of HDFS. The 

file in a file system will be divided into one or more 

segments and/or stored in individual data nodes. These 

file segments are called as blocks. In other words, the 

minimum amount of data that HDFS can read or write is 

called a Block. The default block size is 64MB, but it can 

be increased as per the need to change in HDFS 

configuration. 

 

C. Data preprocessing 

Imputation is the process of replacing missing data 

with substituted values. Single imputation-A once-

common method of imputation was hot-deck imputation 

where a missing value was imputed from a randomly 

selected similar record. In cases with imputation, there is 

guaranteed to be no relationship between the imputed 

variable and any other measured variables. Thus, mean 

imputation has some attractive properties for univariate 

analysis but becomes problematic for multivariate 

analysis. 

 

D. Dynamic Hadoop Slot Allocation(DHSA) 

In contrast to YARN which proposes a new                                    

resource model of container that both map and reduce       

tasks can run on, DHSA keeps the slot-based resource 

model. The idea for DHSA is to break the assumption of 

slot allocation constraint to allow that: 1) Slots are generic 

and can be used by either map or reduce tasks, although 

there is a pre-configuration for the number of map and 

reduce slots. In other words, when there are insufficient 

map slots, the map tasks will use up all the map slots and 

then borrow unused reduce slots Similarly, reduce tasks 

can use unallocated map slots if the number of reduce 

tasks is greater than the number of reduce slots. 2)Map    

tasks will prefer to use map slots and likewise reduce 

tasks prefer to use reduce slots. The benefit is that, the 

pre-configuration of map and reduce slots per slave node 

can still work to control the ratio of running map and 

reduce tasks during runtime, better than YARN which has 

no control mechanism for the ratio of running map and 
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reduce tasks. The reason is that, without control, it easily 

occurs that there are too many reduce tasks running for 

data shuffling, causing the network to be a bottleneck 

seriously 

 

E. Speculative Execution Performance Balancing 

(SEPB) 

When a node has an idle map slot, we should choose 

pending map tasks first before looking for speculative 

maptasks for a batch of jobs. Hadoop Slot is executed for 

determining path for performing the MapReduce job. 

After this the Speculative based process starts to execute 

the determined optimized Multi-execution path. 

Executing individual MapReduce jobs in each datacenter 

on corresponding inputs and then aggregating results is 

defined as MULTI execution path. This path used to 

execute the jobs effectively. 

 

F. Slot pre-scheduling(SP) 

In this module we are going to perform two processes. 

Slot allocation Slot pre-scheduling process. In this slot 

allocation process we are going allocate the slot based on 

dynamic Hadoop slot allocation optimization mechanism. 

In the slot pre-scheduling process we are going to 

improve the data locality. Slot Pre-Scheduling technique 

that can improve the data locality while having no 

negative impact on the fairness of Map-Reduce jobs. 

Some idle slots which cannot be allocated due to the load 

balancing constrain during runtime, we can pre-allocate 

those slots of the node to jobs to maximize the data 

locality. 

 
             Fig.3:  Slot Scheduling for map and reduce task 

 

G. Performance Evaluation: 
Speculative execution is a common approach for 

dealing with the straggler problem by simply backing up 

those slow running tasks on alternative machines.   

Multiple speculative execution strategies have been 

proposed, but there is a pitfall: incoming jobs are 

allocated to nodes present in server and fail to schedule 

process type allocate to node for processing. Performance 

is evaluated by means of selective the optimized resources 

and results taken in terms of execution time, processing  

memory. 

 

IV. USEFUL ALGORITHMS: 

 

A. Make Span Optimization 

B. MK_TCT 

C. MK_JR 

D. FIFO 

E. Job Ordering Optimization  

 

V. CONCLUSION 

 

The aim of the proposed system is to improve the 

performance of Map Reduce workloads. It considered 

three techniques: Dynamic Hadoop Slot Allocation  

Speculative Execution Performance Balancing, and Slot 

Pre-scheduling . Dynamic Hadoop Slot Allocation use 

allocation of map to maximize the slot utilization and it 

reduces the task dynamically   
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